Background & Objectives

» A limited-area model (LAM) sometimes degrades the large-scale
structures compared to a global model (GM)!,

» To mitigate the large-scale errors, large-scale blending (LSB) has
been used in several operational NWP centersl2l.

-  While flow-dependent background error plays an important role In
convective-scale DA, traditional LSB methods often ignore the flow-
dependent error of GM large-scales.

This study proposes a novel LSB method within an ensemble variational
(EnVar) framework to clarify the impact of flow dependency on LSB.

Variational large-scale blending methods
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Nested 3DVarit. 31: B (L.°) and V (L") are empirically determined.
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Nested EnVar: P° (X°) and PY (Z") are dynamically estimated.
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Nested EnVar has the potential to enhance
the effectiveness of high-resolution LAM DA
for spatially localized observations.

Time averaged analysis error spectra
with dense moving observations

Time averaged analysis RMSE of nested Lorenz OSSE
Degrade or improve relative to No LAM DA (0.334)
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Snapshot of stream function in the LAM domain at the final cycle of nested QG OSSE
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OSSE 1: nested Lorenz systeml5: 6]

Nature: Lorenz lll 2z, Axy = 27/960)
GM: Lorenz Il 2z, Ax; = 4Axy)

LAM: Lorenz Il (w/2, Ax; = Axy)

- LBC: Daviesl’] relaxation with 10-grid
sponge regions :

 Lorenz Il & lll are modified to contain t=0d
multiple wavelengths.
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OSSE 2: nested QG system

Non-dimensional 1.5-layer reduced-gravity QG model gm
with double-gyre wind forcingl®l
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Summary & Discussion

- Dynamical blending of Nested EnVar improves analysis across scales
by reducing large-scale errors while retaining DA effects on middle
scales when dealing with dense and unevenly distributed observations.

+ Simultaneous assimilation of large-scale and observational information
by variational LSB is more beneficial than background LSB with severe
large-scale degradation.

» Scale-dependent covariance inflation should be introduced for more
effective performance of Nested EnVar to mitigate the underestimation
of the ensemble spread.
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